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Abstract

The objective of this project is to discuss a versatile speech enhancement method based on the human
auditory model. In this project a speech enhancement scheme is being described which meets the demand
for quality noise reduction algorithms which are capable of operating at a very low signal to noise ratio.
We will be discussing how proposed speech enhancement system is capable of reducing noise with little
speech degradation in diverse noise environments. In this model to reduce the residual noise and improve
the intelligibility of speech a psychoacoustic model is incorporated into the generalized perceptual wavelet
denoising method to reduce the residual noise. This is a generalized time frequency subtraction algorithm
which advantageously exploits the wavelet multirate signal representation to preserve the critical transient
information. Simultaneous masking and temporal masking of the human auditory system are modeled by
the perceptual wavelet packet transform via the frequency and temporal localization of speech components.
To calculate the bark spreading energy and temporal spreading energy the wavelet coefficients are used
from which a time frequency masking threshold is deduced to adaptively adjust the subtraction parameters
of the discussed method. To increase the intelligibility of speech an unvoiced speech enhancement
algorithm also integrated into the system.
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1. Introduction

The performance of the automatic speech processing systems degrade drastically when
confronted with a great adverse noise conditions such as background noise and micro phone
distortions. For this reason there is a strong demand for quality reduction algorithms capable of
operating at very low signal to noise ratio in order to combat various forms of noise distortion.
The solutions can be classified into two main areas a) nonparametric; usually remove an
estimate of the distortion from the noisy features, and b) statistical model based speech
enhancements, statistical model based speech enhancement utilizes a parametric model ™ 2 of
the signal generation process. This project is based on the proposed speech enhancement system
which is based on subtractive type algorithms. By subtracting the noise estimation from the
noisy speech this system estimates the short time spectral magnitude of speech. The reason that
this is chosen is because of the relative simplicity, in the sense that it only requires an estimate
of the noise power spectrum; its high flexibility against subtraction parameters variation. Here in
this project it is to emphasize the reduction of the effect of residual noise and speech distortion
in the denoising process and the enhancement of the denoised speech 231 in high frequency to
improve its intelligibility. The proposed one consists of two main functions. One is a generalized
perceptual time-frequency subtraction method based on the masking properties of the human
auditory system, this works in conjunction with a perceptual wavelet packet transform (PWPT)
[11,10.9, 11 tg reduce the effect of noise contamination. The second part of it is an unvoiced speech
enhancement (USE) [ 9 5 1 which tunes a set of weights in high-frequency sub-bands to
improve intelligibility of the processed speech. The main theme in this proposed method is the
use of PWPT to approximate 24 critical bands of the human auditory system up to 16 khz. It
enables the components of complex sound to be appropriately segregated in frequency and time
in order to mimic the frequency selectivity and temporal masking of the human auditory system.
This proposed method uses PWPT [ 112 6] tg analyze to improve the perceptual quality of the
final processed speech. Parametric formulation of subtractive noise reduction based on the
generalized perceptual wavelet transform is the second critical step of this proposed method.
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In this spectral subtraction method fourier transform based
gain function of the generalized spectral subtraction method
and derivation of the close from expressions for the
subtraction factor to optimize the trade-off in the simultaneous
reduction of background noise residual noise and speech
distortion. These parameters of GPTFS [ 1% 2 6 can then be
adaptively tuned according to the noise level and the masking
thresholds derived from the human auditory model in wavelet
domain. To integrate GPTFS and USE in wavelet domain a
new system for speech enhancement is developed.

2. A Perceptual Wavelet Filter Bank Architecture:
Architecture for the perceptual wavelet filter bank: To design
this algorithm for enhancing speech a well built
psychoacoustic model of the ear which has an unsurpassed
capability to adapt to noise. In this a new human auditory
model that adapts to the basic structure of traditional auditory
model but replace the time invariant band pass filters with
WPT in order to mimic the time- frequency analysis of the
critical bands according to the hearing characteristics of
human cochlea. A PWPT is used to decompose the speech
signal from 20 Hz to 16 KHz Into 24 frequency sub -bands
that approximate the critical bands, efficient seven level tree
structure is implemented. This is given in the Fig 1. Two
channel wavelet [ 1% 2 ¢l filter banks are used to split the low
pass and high pass bands as opposed to only the low pass and
high pass bands in the usual wavelet decomposition.
Advantages: first, Smoothness property of wavelet is
determined by the number of vanishing moments: more the
vanishing moments the stringent bandwidth and stop band
attenuation of each sub- band and can be more close
approximation by using the wavelet decomposition. Second,
according to the psychoacoustic study of human ears a
frequency to bark transformation needs to be performed which
can be accomplished in audio processing systems by dividing
the frequency range into critical bands. Using the perfect
reconstruction filter bank with finite length filters using
different wavelets for the analysis and synthesis scaling
functions. Let H(z) and G(z) be the low pass (LP) and high

pass (HP) transfer functions, before the decimation by two
operation in each stage of the analysis filter bank. F (z) and
J(2) be the LP and HP transfer functions, after the up sampling
by two operation in each stage of the synthesis filter bank.
Then the analysis and synthesis filter banks are related by

g(n) =(-1)"f(n) « G(z) = F(—=z)
J'|:;g] = —[—]_TI“.F.!ILHTI — .JTI_rC;: = —H:;—C'I.

g

1)

The relationship between the LP and HP filters reduces the
number of filters to be implemented for each stage of the two-
channel filter bank by half. Once the LP filters, H (z) and F (z)
are designed the HP filters G(z) and J(z) can be derived from
the equation (1). According frequency selectivity related to
critical band, temporal resolution of the human ear, and
regularity property of wavelets debauchies wavelet basis is
chosen as prototype filter and a seven stage WPT is adopted

to build perceptual wavelet filter bank. n i* Represents WPT
coefficient, where k is the coefficient number; j is the

transform stage from which n ikis chosen; | is the number of
“temporal” coefficients in the critical band. Table I shows the
mapping of the PWPT coefficients in each stage. Table Il

shows the comparison of lower ( J’rl-) and upper ( f“)

frequencies, center frequency ( f“) and bandwidth ( Af ) in
hertz between the critical band rate and the proposed
perceptual wavelet packet tree scale. Fig 2 shows the
difference in the critical band rate between the critical bands
and the proposed perceptual wavelet packet tree structural

bands. The critical band rate ZBin park is approximated by

where the frequency, f, is measured in Hz.

Zp=13tan" (7.6 x 107'f)+ 3.5 tan™!(1.33 x 107'f)? @
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Fig 1: Perceptual wavelet packet decomposition tree (PWPT)
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Fig 2: center frequency of critical bands and perceptual wavelet
packet decompositiontree.

Table 1: perceptual wavelet filter banks coefficients.

Subbarnd Lw I Coefficienty kq -k Transform stage j
1 | -0 7
2 | 1-1 7
3 | 2.2 7
4 | 3-3 7
5 | -1 7
[ | 5-5 7
7 | -6 7
8 1 77 7
9 2 =5-49 5]
10 2 10-11 H
11 2 12-13 6
12 2 14-15 L]
13 2 16-17 3]
14 2 18-19 [i]
15 + 203-23 5
16 4 24-27 5
17 I 28-31 5
18 8 32-39 4
1% 8 40-47 4
20 8 48-55 4
21 5 56-63 4
22 16 6479 3
23 16 Bi-95 3
24 32 96-127 2

ey and &g are the coefficient indices of the first and last transform

cocfficients within a given critical band

Table 2: Critical band rate Z and perceptual wavelet filter banks W

Bark Scale Wavelet Scale

£

[fi ful ) i 0 fid I A
1 [0 100] 50 100 [0 125] 613 | 125
2 [ 100 200] 150) 100 [125250) 187.5 | 125
3 200 300 250 | 100 [250 375 3125 | 125
4 (300 400] a50 | 100 [375 500 4375 | 125
5 [400 510 450 | 110 1500 625 5625 | 125
b (310 630] 570 | 120 [623 730 6875 | 123
7 [630 770 700 | 140 [750 875 BI25 | 125
& | 770 520 B4 | 150 [875 1000] | 9375 | 123
o | (920 1080] 1000 | 160 | [10001250] | 1125 | 250
10| [I0R0 1270] | 1170 | 190 | [12501500] | 1375 | 250
11 [ p27oa4e0p [ 1370 | 210 | (s0007s0) | 1e2s | 250
12 | 1480 1720) | 1600 | 240 | [17502000] | 1875 | 250
13 | (172020000 | 1850 | 280 | [20002250] | 2125 | 250
14 | (200023200 | 2150 | 320 | (22502500] | 2375 | 250
15 | 123202700] | 2500 | 380 | [25003000] | 2750 | 300
16 | (270031500 | 2000 | 450 | (30003500] | 3250 | 500
17 | 3150 3700] RECLI] 550 | 35000 4000 A750) A00

I8 | |37004400] | 4000 | 700

10 | (4400 5300] | 4800 | 900

20 | (F3006400] | 3800 | 1100
21 | (G400 TT00| | J000 | 1300 | [70008000] | 7500 | 1000
23 | (77000500 | ®500 | 1800 | 2000 10000] | 9000 | 2000
23 | (9300 12000] | 10500 | 2500 | (10000 12000] | 11000 | 2000
24 | 12000 15500] | 13500 | 3500 | [12000 16000] | 14000 | 4000

[4000 5000] | 4500 | 1000
[S0006000] | 5500 | 1000
[6000 7000] | 6500 | 1000

In figure 3 it is given that the bandwidths of the critical bands
and the perceptual wavelet packet tree it is form the figure 3
that the critical bands have constant width at approximately
100 hz for centre frequencies upto 500 hz, and the bandwidths
increase as the centre frequency increases further. The critical
bandwidth (CBW) [*1. 1.3 81 is hertz is calculated by

CBW(f)=254+7T5(14+14 = lﬂ'ﬂfg}“-ﬂﬁl o
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Fig 3: Bandwidths of critical bands and perceptual wavelet packet
decomposition tree.
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Fig 4: ATH in (a) frequency, (b) bark, and (c) perceptual wavelet
packet tree scales.

Figure 4 compares the absolute threshold of hearing (ATH) in
hertz, critical band scale, and perceptual wavelet packet scale.
The ATH characterizes the amount of energy needed in a pure
tone such that it can be detected by a listener in a pure tone
such that it can be detected by a listener in a noiseless
environment. The table Il and figures given it makes clear
regarding the proposed perceptual wavelet packet tree can
closely mimic the experimental critical bands. The parameters
of the discrete WPT [*1. 6. 9.1 filter used to derive the plots of
figures are determined based on the auditory masking
properties.

3. Adaptive Speech Enhancement System: The proposed
adaptive speech enhancement system a new GPTFS method
based on the PWPT and the human auditory perception is
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being discussed. Its parametric formulation is derived from
the basis of the generalized Fourier spectral subtraction
algorithm. The GPTFS algorithm incorporates most of the
basic subtraction rules and realizes the subtraction in a

Noise
Estimation

—

Speech [ Noise
Detection

broader time-frequency domain. To get better perceptual
outputs more crucial information has been preserved than in
the Fourier transform domain. The block diagram for this
system is given Fig 5.

I
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Speech
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Fig 5: Architecture of the proposed speech enhancement system.

After the noisy signal x[n] is decomposed by PWPT, the
transform sequence is enhanced by a subtractive type
algorithm to produce the rough speech estimate. To calculate
a time frequency masking threshold this estimate is useful.
To compute an estimation of the original speech masking
threshold which is masking dependent this threshold is used.
This approach assumes that the high energy frames of speech
will partially mask the input noise, hence reducing the need
for a strong enhancement mechanism. Frames containing less
speech will undergo an overestimated subtraction. To further
improve the intelligibility [> & % 11 1 of processed speech, an
USE is applied. The processed speech is reconstructed by the
inverse PWPT. During speech pauses the noise estimation is
assumed to be available and is performed. The general speech
pause detection algorithm is adopted for the noise spectrum
estimation by tracking the power envelope dynamics. The
speech pause detection algorithm has been extended for sub
band processing.

A) Generalized perceptual time-frequency subtraction: noisy

i TR 2
,_E,j_k{53,|2:{|uj-k[1} — |y e ()],

0,

. 2 ; % P 2
Where|u'3-k[5} , |w, k()| , |05,k (V)] . are the
estimates of the power wavelet coefficients of the noise

signal x[n] = s[n] +Vv[n]

x[n] and s[n] are the noisy and original speech respectively.
V[n] is the additive noise. To capture the localized
information of transient signal, the PWPT is applied to the
noisy input speech

w; k(2) = w;k(s) +wip(v), Yi=0,1,.. . Jmax — 1
k=0,1,....27 -1 (4

Where, Wi k ( T ) Wi,k ( = )f‘“d Wk ( = ) are the

wavelet transform coefficients of a noisy signal, clean signal,
noise. (j, k) in the subscript of w corresponds to its scale
translation indexes. jmax is the maximum number of levels of
wavelet decomposition. Then according to spectral subtraction
method in the wavelet domain the estimated power of the
enhanced speech is given by

if |u_-j;_;_.|:1=j|2 = |ty 5 (27) =

otherwise -
5)

suppressed speech signal the noisy speech and the estimated
noise in the wavelet domain. The time average noise spectrum
is obtained as

Wi g, ()7 = 0.9 |wi1 55 ()% + 0.1-Jwi 1 5 ()|

(6)
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Where i is frame index. Human speech is based on mixing
voiced and unvoiced phonemes over time are the
consideration taken into account for this design. For this
reason s[n] is nonstationary over time interval of above
250ms, and the noise v[n] is assumed to be piecewise
stationary or more stationary than s[n], which is valid for most
noise encountered, then input signal x[n] is divided into 128
samples.

;1 (s) - w; k(s) + 'IL?J'_k{f/)lz 2 |1E'j_k[1/)|2

= [w;k(5)* + (s = @54 0)]*)

~~
Noise Variations

+ -u:}_k(s-)w_j_k[r/) + 'IL-‘J'_;;(S:IL{-‘;_;\,{I/) .

Cross lz'oductr: (7)

The wavelet power spectrum of the estimated speech signal
includes error terms due to the nonlinear mapping of spectral
estimates, the variations of the instantaneous noise power
about the estimated mean noise power. The final gain is given

by

o / |15 5 () |2 f 1
Gain(j, k)=,/1 - 222 — 1 —
S \ lw; i (z)| \, SNRp ot (7, k)

®)

Where
SNR]:‘.ILIHE (J* k:l — |El?j_,[;|1;1‘:|' 2;"f|ﬂlj-;ﬂ[pjl|2is

dI(j. k) <!
dn;x(Lw) £
Gaj]]QpL[j" 'ILTI: EJTiL[ZH} 4
A:Z::[J wj k(1) ]

By equating the adaptive gain function to the optimal gain
function and then considering the power subtraction the
closed form expressions for the subtraction parameters alpha
and beta are derived. The above equations are used to assure
the subtraction parameters alpha and beta is adapted to the
masking threshold of human auditory system to achieve a
good trade-off between the residual noise speech distortion
and background noise. In high SNR condition the parameter
alpha is increased to reduce the residual noise at the expense
of introducing more speech distortion. In low SNR condition
the parameter beta is increased to trade ™ & 8 the residual
noise reduction for an increased background noise in the
enhanced speech. If the masking threshold is low the
subtraction parameters will be increased to reduce the effect
of residual noise. If the masking threshold is high the residual
noise will naturally be masked and become inaudible.
Therefore the subtraction parameters [ 7 8 11 can be kept at
their minimal values to minimize the speech distortion.

B) Unvoiced speech enhancement: The intelligibility of the
processed speech is further improved by an USE. It is given in
the Fig 5.Although the GPTFS sub-system is useful for
enhancing the portion of speech signal that contains most of

posterior SNR, which is defined as the ratio of the wavelet
power spectrum of the noisy speech signal to that of the
estimated noise. The input noisy speech is attenuated more
heavily with decreasing posterior SNR and vice versa with
increasing posteriori SNR. The residual noise is made
perceptually white by using several flexible subtraction
parameters. These subtraction parameters are chosen to adapt
to a criterion associated with human auditory perception. It
considers only the simultaneous masking property of the
human auditory system. The effects of PWPT gain function’s
parameters have the effects in the design 1) The subtraction
factor controls the amount of noise subtracted from the noisy
signal. Over subtraction allows the time-frequency spectrum
to be attenuated more than necessary. This factor must be
selected in an appropriately. 2) The noise flooring factor [
makes use of the addition of background noise to mask the
residual noise. It determines the minimum value of the gain
function. If this factor is increased parts of the residual noise
can be masked. 3) The exponent [l determines the abruptness
of the transition from pure clean speech to pure noise in noisy
speech. To formally select these adaptation parameters we
need to optimize the fixed gain function. To segregate the
residual noise from the speech distortion a differential wavelet
coefficient is defined as the difference between the wavelet
coefficients of the clean speech and the enhanced speech. In
this case the difference in the gain function is that the
optimization here is based on the thresholding 2 ¢ 8 1 criterion
that correrelate with both temporal and simultaneous
maskings. The auditory perception is better approximated by
using more complex wavelet basis and efficient filter bank
structure. The optimal gain function is given by

= >~ 1wk @)+ |(Gain(j. k)I* — Tk (Zw )=0

0 < Gain(j, k) < 1.

©)

the signal energy, for this soft thresholding is used to enhance
the portion of speech signal that is in the high-energy high
frequency bands. To enhance the portion of the speech that is
in the high frequency range without degrading the
performance of the overall system, the USE unequally weights
the frequency bands to amplify only those components with
detectable peaks in the high-frequency range. The time-
frequency energy (TFE), which is estimated using the wavelet
coefficients, is applied in this subsystem.

F_f max
Dok =Y (4(2) / 3zl

F; n=1
(10)

Fjmax is the total frame length. Fj is the frame length of each
subband. To estimate the enhanced original speech, the
assumption is that TFE of noise does not change much over
time. USE spans over several frames. To amplify those high-
frequency bands containing components of unvoiced speech
without affecting all other high frequency bands, a threshold
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is defined Bl. Different wavelet coefficients of the processed
speech are then emphasized [ & 7 via their weights. Uj,k = 1.
The weighted coefficients are given by

w; k(8) = Uik - Wi k(S)

(11)

GPTFS either amplifies or attenuates a particular frequency
band based on the estimated signal energy content in low
frequency. USE is effective only when the SNR is high. In the
case of low SNR, GPTFS have suppressed most energy of
noise while significantly reduced the unvoiced speech at the
same time. Still the succeeding USE [* 116 8] can still estimate
the noise and tune a set of weights to somewhat enhance the
unvoiced speech.

3[n] = IPWPT (i, (=)

Where IPWPT means inverse PWPT.

4. Experimental Results: The discussed method is evaluated
with speeches produced in various adverse conditions and
compared against the following competitive methods: 1)
speech enhancement method using perceptually constrained
gain factors in critical-band-WPT 2) speech enhancement
method incorporating a psycho acoustical model in frequency
domain 3) wavelet speech enhancement method based on the
teaser energy operator.

4) Perceptual time-frequency subtraction algorithm 5) single
channel speech enhancement based on masking properties of
human auditory system 6) parametric spectral subtraction. The
noisy environments include white Gaussian noise, pink noise,
Volvo engine noise, F16 cockpit noise, factory noise, high-
frequency channel noise, and speech like noise. Noise added
to the clean speech signal with different SNRs.

A) SNR Improvement and lItakura Saito (IS) distortion:
The amount of noise reduction is generally measured in terms
the SNR improvement, given by the difference between the
input and output segmental SNRs. The pre-SNR and post-
SNR are defined in the equation 40. Where K represents the
number of frames in the signal and N indicates the number of
samples per frame. The segment SNR improvement is defined
as

SNR post — SNR pre. Which is given in 13, 14 and 15

equations.
N-1

e + 5o m)
SNR[,\,H=EZ 20-logp|———"
it % ¥ (s(ntNm)—§(n+Nm))
n=i0 (13)
N-1
s &Y s Nm)
SNRP”':FZ Qﬂ']l}gm .r:n:::-[::
m=0 + E H.‘”__l_‘."\-'r”]
7 on=0 : 'j (14)
P —
1 g T 3 v(n+Nm)
SNRE'”F:':EZ 20-logyp[—5 =
- + 2 (s(n+ Nm)—3(n+Nm))
n=( (15)

This equation takes into account both residual noise and
speech distortion. the figures 6(a)-9(a) compare the SNR
improvement of various speech enhancement methods in
white noise, Volvo engine noise, factory noise, and speechlike
noise with different noise level. The discussed methods has
higher SNR improvement than other methods, particulary for
low-input SNRs. The best noise reduction is obtained in the
case of white gaussion noise, while for colored noise the
improvement is less prominent 7 3l According to the
experiements though the SNRs are very similar at the output
of the enhancement system, the listening test and speech
spectrograms can produce very divergent results. So to
indicate the speech quality IS distortion also have to be
considered. It is derived from the linear predictive coefficient
(X g I:?H}

vector of the original clean speech frame and the

aﬂm}as

processed speech coefficient vector

<)

¥(m)

a2(m) as(-m)Rs(-m-)aif(m} o (“ s ('m)) i 1(16)

2y, 2
Where 0% {m'} and Ts (Tn} are the all-pole gains for the

processed and clean speeches, and denotes the clean speech
signal correlation matrix. Smaller value of IS implies better
speech quality. The figures 6(b)-9(b) show the IS distortion of
various methods in different noise environments at varying
noise levels. According to all these proposed method
outperforms remaining methods. The USE of the proposed
system [ 6 7. 8 components for the speech in the high
frequency range. When the SNR is high the proposed system
has excellent performance.
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Fig 6: Comparison of different speech enhancement methods in white Gaussian noise by (a) SNR improvement and (b) IS distortion.

A. Speech spectrograms: the above objective measures do not

provide

information about how speech and noise are

distributed across frequency, for this reason we need to go for
speech spectrograms. Fig 10 Shows the comparisons of the
speech spectrograms obtained by different enhancement

methods

in speechlike noise. As the nonstationarity of noise

increases, the results of our proposed method are still better
than other algorithms. This is because the proposed PWPT
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filter bank has closely approximated the critical bands of the
human auditory system. By appropriately segregating 1% 10.9.11
the speech and noise components of the noisy speech in
frequency and time, the subtraction parameters of our
proposed GPTFS method adapt well to the combined temporal
and simultaneous masking threshold. When the noise is
speech like then there are worst result.
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5. Conclusion: The system consists of two functional stages
working cooperately to perform perceptual time- frequency
subtraction by adapting the weights of the perceptual wavelet
coefficientceints. The noisy speech is first decomposed into
critical bands by perceptual wavelet transform. The temporal
and spectral pyschoacoustic model of masking is developed to
calculate the threshold to be applied to GPTFS method for
noise reduction. The unvoiced speech is also enhanced by a
soft thresholding scheme. Different spectral resolutions of the

wavelet representation preserve the energy of the critical
transcient components so that the background noises,
distrotion, and residual noise can be adaptively processed by
GPTFS method. Both the temporal and simultanious maskings
of the tuning of subtraction parameters in the proposed
GPTFS are considered. Together with the USE, the system
makes an average ANR improvement of 5.5% by objective
measurements, an average intelligibility improvement of 8%
by subjective evaluation.

Frequency

Frequency

Time

()]

Fig 10: Speech spectrograms. (a) Original clean speech. (b) Noisy signal (additive speech like noise at a SNR = 0 dB). (c), (d), (e) are the
Speech enhanced by above specified recent methods specified (g) Speech enhanced by the proposed method.
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